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Abstract 
In order to estimate carbon stock in above ground biomass (CS-AGB) of M. Pizzalto forest in the Central-Apennines 
in Italy, the moderate resolution imaging spectroradiometer (MODIS) vegetation index data (NDVI and EVI) were 
used in combination with field data. Biotic and abiotic parameters (slope angle, slope gradient, elevation, seasonal 
incoming solar radiation, length of growing season (LGS), soil type and forest management type) has been used in 
the modelling. NDVI and EVI values of field samples were extracted and used to estimate the LGS of beech forest 
for the six year period (2005-2010).Two  management types, old-growth forest and young forest, showed average 
AGB and CS-AGB were 247 and 123 tons.ha-1 respectively in 2010 comparable to values  for beech forests in the 
Apennines and Europe. LGS and management are the significant variables in a linear regression model for CS - AGB. 
Therefore, the forest authority can manage the young forest as sinks of carbon in agreement with the Kyoto protocol 
of the United Nations Framework Convention on Climate Change (UNFCCC). 
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1. Introduction 
Forests capture and store carbon dioxide (CO2), making a substantial contribution to the mitigation of 
climate change. Carbon content and its distribution in forest ecosystems play an integral role in 
international greenhouse gas policy under United Nations Framework Convention for Climate Change [1] 
and its Kyoto Protocol [2]. Different approaches have been applied for providing estimations and 
inventories of forest carbon. Remote sensing is proposed as one of the methods for estimation of trends 
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and changes in forest carbon over time [3]. Potential capability for systematic observation at extents 
ranging from local to global and the provision of data archives extending back over several decades have 
made remote sensing a tool for estimation of forest carbon stock [4].Compared to the methods relying 
entirely on costly field observations for assessing large spatial extents, remote sensing is often represented 
as a cost saving method [5, 6]. Thus, remote sensing can play major role in establishment of carbon stock 
baseline datasets and assessment of changes in stocks. Such datasets are implicit requirements for 
establishing a reliable estimation of carbon stock which is required in order to meet the commitments of 
Kyoto Protocol [4]. Methodologies for estimating carbon storage will increasingly incorporate remote 
sensing technologies to provide global, regional, and national coverage and rapid updates after 
occurrences of disturbance [7]. However using remote sensing techniques in forests does not replace the 
need for precise field data. Modelling is a method usually used to make projections of future carbon 
stocks by using the data acquired in a defined period of time. Models could be used to project changes in 
carbon stocks in forests and plantations biomass [8]. Allometric equations or regressions are a model for 
estimating the biomass or volume of above-ground tree components (kg/tree) based on diameter at breast 
height (DBH) and height. The amount and spatial distribution of aboveground biomass (AGB) are 
required as inputs for forest carbon budgets [9]. AGB is highly important in carbon inventory and in most 
mitigation projects under the Kyoto Protocol. Allometric equations are developed by establishing 
statistical correlation coefficients between the measured forests attributes (DBH and height) and the 
measurements from the sample of individual tree species [10, 11]. Using allometric equations is a 
common and cost-effective method to estimate tree species biomass present in a forest or plantation [8]. 
Therefore, combining remote sensing with field data collection and allometric modelling is the most 
useful method for estimating carbon stock [3]. 
Many biotic and abiotic factors such as site condition and forest management are believed to account 
for forest carbon stocks [12, 13 14, 15]. Better understanding of their relative contributions is 
fundamental to make international policies and commitments for enhancing the forest carbon sink. 
In the Italian Apennines, including M. Pizzalto, the European beech represents mono-specific stands 
and is the dominant forest [16, 17]. Beech is the dominant broad-leaved tree species in central European 
temperate forest due to height, physiological tolerance range and competitiveness [18, 19, 20].The 
European beech was found to be a very sensitive indicator, of environmental influences [21]. It is 
considered as the most promising species for biological monitoring in European temperate forests [16]. 
Modelling the carbon stock or in other words, understanding the performance of carbon sequestration in 
aboveground biomass of beech forests, as a new study in this area can be supposed as a progressive action 
to be bound by the international commitments to reduce the emission of greenhouse gases. Results of this 
study can provide some important criteria and indicators for designing forest management plan and 
monitoring schemes for this biome. 
 
Nomenclature 
AGB          Above ground Biomass    
CS-AGB    Carbon Stock in Aboveground Biomass   
D                Diameter at Breast Height  
DBH          Diameter at Breast Height 
DEM          Digital Elevation Model 
EVI            Enhanced Vegetation Index 
H                 Height of beech tree 
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LGS            Length of Growing Season 
MODIS      Moderate Resolution Imaging Spectroradiometer 
NDVI      Normalized Difference Vegetation Index 
RMSE        Root Mean Square Error     
2. Materials and Methods 
2.1. Study area 
This study was undertaken in the M. Pizzalto (Fig.1) which is located in Majella national park in the 
Central-Apennines, Abruzzo region, Italy (Latitude 410 52’ N and Longitude 130 14’ E). The M. Pizzalto 
area is about 41 km2 with the summit at 1966 m. The climate data from 1960 to 1994 were from the 
Pescocostanzo meteo-station (41° 53ƍ 0Ǝ N, 14° 4ƍ 0Ǝ E, elevation 1395 meters) which is the nearest 
station showed that mean annual precipitation and temperature were 920 mm and 8.11 °C respectively 
with moderate and dry summers, but cool and moist winters. In the study area the European beech is the 
dominant species and its distribution begins from elevation 1000 m where abandoned cropland, pastures 
and hay meadows are located to 1900 meters [22].  
 
Fig. 1. Location of study area 
1.2. Field survey and Allometric equation 
Ground-based measurements of individual trees in 50 plots and an allometric equation with DBH and 
height [23] were used for estimating AGB of beech forest. The allometric equation is shown in table 1. To 
establish the sample plots, the aspect (north, east, and west) were considered. Fifty plots were investigated 
by using available tracks for walking inside and locate 12 line transects along tracks and perpendicular to 
contour lines. Considering the accessibility of study area, the plots selected in each elevation strata (100 
m) along and by buffering 100 m from both sides of transect in the beech forest during the period 7th 
September to 1st October, 2010. The geographical coordinates of sample plots were generated by 
utilizing the Global Positioning System (GPS) in the standard project system World Geodetic System 
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(WGS 84, 33 N). The trees within the range of DBH 9 - 54 cm and the height 9 - 23 m of each plot were 
measured. Further, in order to eliminate edge effects on the forest biomass, all plots were located at least 
200 m away from the nearest road. 









0.018 0.2589 0.96 30
2.2. Predictor variables for modeling aboveground biomass and carbon stock 
The environmental predictors used for the modelling were: (1) the topo-climate (elevation, slope 
aspect, incoming solar radiation), (2) the substrate (slope angle and soil type) (3) forest management (4) 
the length of growing season (LGS) estimated by NDVI and EVI (Table 2). 
Table 2. The potential predictor variables 
Predictor Source Data type Value range 
Attribute Spatial 
Elevation  DEM Continuous Raster 1100 – 1900 m 
Slope aspect DEM Continuous Raster 0 - 360 Ûazimuth  
Solar Radiation DEM Continuous Raster 34 – 80 Kwh.m2.season-1 
Soil type* Majella NP Categorical Vector A,B,C and D* 
Slope angle DEM Continuous Raster 0 – 90Û 
LGS NDVI/EVI (USGS) Continuous Raster 140 – 280 days 
Forest management Field  Categorical Vector old-growth vs. young 
*Soil type (USDA Soil Taxonomy1975): A= Typic Rendolls; B= Typic and Aquic Eutrochrepts;  
C= Typic and Aquatic Eutrochrepts; D= Lithic  Udorthents  and  Lithic  Rendolls 
The geo-data for the study was created with standard operation in ArcGIS 9.3. The source layers were 
clipped with the study area boundary, vector maps rasterized and raster maps re-sampled to 30 m pixels. 
An Aster Digital Elevation Model (DEM) from 2008 with 30 m resolution of the M. Pizzalto was applied 
to create the surface maps of the topographical predictors elevation, slope aspect, slope angle and 
incoming solar radiation. The incoming solar radiation values were calculated for every 30 minutes and 
summed up per growing season [24]. The soil type map was converted to raster and subset to the study 
area. Two management systems, old-growth and young, were distinguished a posterior in the area. The 
criteria used for considering plots as this two kind of management was done based on Peters (1997) [25] 
which classified European beech as young when DBH is less 40 cm and old when DBH is above it. In the 
first type, “old-growth forest”, mature beech trees were protected from logging for centuries and are 
currently used for recreation in the “Bosco di Sant'Antonio” reserve ( 550 ha; established in 1985). In this 
area 50% or more of DBH of trees in each plot were above 40 cm. The elevation of this reserve extends 
from 1290 to 1420 m. The second management type is “young forest” with current or historical signs of 
logging or coppicing that in each plot more than 50% of beech trees have a DBH less than 40cm.  
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2.3. Determination of the growing season 
The MODIS NDVI and EVI that have been smoothed and removed the effects of noises are used to 
estimate the LGS. The NDVI and EVI are calculated for six years (2005 to 2010) from MODIS surface 
reflectance products (MOD13 series) at 250 m resolution. Due to variations in viewing geometry, sky and 
cloud properties, and surface conditions, the time-series datasets clearly contains some noise [26]. Some 
of this can be smoothed and filtered by using TIMESAT 2.3 software [27] to eeliminate the values for 
which the quality assessment layers indicate poor quality. To identify the LGS, NDVI and EVI that have 
been smoothed and removed the effects of noises are used by applying the method from White et al 
[28].The midpoint method has been shown to relate well to deciduous broadleaf forests in New England 
and France [28]. According to this method, first for each plot the annual cloud-free minimum and 
maximum NDVI and EVI were selected and the midpoint between these was calculated. This is repeated 
for each year from 2005 to 2010. Subsequently, the average of the midpoint values per year was 
calculated. The average midpoint is used as a threshold to identify the beginning and the end of the 
growing season. The midpoint threshold represents the most rapid increase in greenness and shows that a 
certain pixel has attained 50% of its maximum greenness [29]. The advantage of this method is that 
average minimum and maximum NDVI and EVI values are not affected by outliers [29]. 
2.4. Development of regression models  
Regression analysis is a common way to acquire an AGB estimation model [30]. In this study the 
simple and multiple linear regression models between predictors and AGB of sample plots were 
developed. A stepwise procedure was used to select the more relevant predictors and the final model. The 
backward procedure was use in this study that began with the full model of all predictor variables as well 
as its interactions. The R software [31] was used in this study to develop the regression models. The 
importance of a variable was evaluated by the size of the p-value. After the variable with the absolute 
highest p-value was dropped, the model was refitted. Again, the variable with the highest p-value was 
dropped. The process ended when getting the highest correlation coefficient (R2) by removing variables 
[32]. Carbon storage is estimated as 50% of dry weight biomass in trees [12]. Thus, carbon stock can be 
calculated according to AGB value using a conversion factor (0.5) in the final developed model [33]. 
2.5. Verification accuracy of regression models  
In order to assess prediction accuracy of the regression model, the Pearson r and the Root Mean 
Squared Error (RMSE) were applied. The Pearson r was used to check the correlation between the 
observed AGB and the predicted values. The RMSE was used, to examine the deviation between 
observed data and predicted data and it was used as a measure of model performance. A cross-validation 
procedure was used to partition the collected data into train and test. Cross validation 5-fold was used to 
validate multiple linear regression for all 50 plots in this study. Thus, we divided our fifty plots to 5-folds 
and in each iteration a different fold of the data is held-out for validation while the remaining folds are 
used for training. 
3. Results and discussion 
In M. Pizzalto, the largest number of beech trees in all 50 plots belonged to the DBH class below 10 
cm and the height below 10 m. More than 75% of the trees fell in class less than 20 cm DBH and less 
than 20 m height. The average DBH and height values in the beech forest were 15 cm and 10 m 
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respectively. The average density of beech trees in all 50 plots is 1194 trees.ha-1.The mean tree density in 
M. Pizzalto is within range with study done by Chao [34] in high forest beech stand (1208 ha-1) in Majella 
National Park in central - Apennines. However, in the coppice beech forest in Majella National Park the 
mean tree density is 4163 ha-1 [22].The AGB and CS-AGB of all 50 plots were respectively 618 and 309 
tons. The AGB and CS-AGB are 247 and 123 tons.ha-1. The average CS-AGB of beech in all plots (123 
tons.ha-1) was comparable to those reported from similar types of forest in Spain (129 ton.ha-1, [35] )  and 
Germany  (120 -160 ton.ha-1, [36] ) and higher than other beech forests in Spain (66 tons.ha-1, [37]).The 
CS-AGB of beech in the present study (123 tons.ha-1) is very close to the CS-AGB of selectively logged 
beech stands in Spain (129 ton.ha-1, [35] ). In the managed beech stands in western Germany at elevations 
from 20 to 800 m [36] the CS-AGB was 120-160 ton.ha-1. In addition, the average CS-AGB in this study 
(123 tons .ha-1) is higher than the coppice beech forest in Spain with a lower number of trees and location 
at 1000 m elevation (66 tons.ha-1, [37] ). These studies show that different management types can have 
different effects on the CS-AGB of beech forest. The average CS-AGB of four plots with old growth trees 
(Bosco di Sant Antonio: 233 ton.ha-1) was relatively similar to that of found in the unmanaged forests in 
Spain (205 ton.ha-1). The categories for these forests in Spain are mentioned as large and old beech trees 
that mostly are located in areas of difficult access where there is no evidence of recent wood harvesting 
operation and have not been subjected to any other human disturbance. However, the four plots with the 
highest CS-AGB in M. Pizzalto are located close to the main road and relatively on flat terrain where 
there is no evidence of recent wood harvesting and have been protected by local communities. In a similar 
study of an old growth beech forest in the Apennines the average CS-AGB (180 tons.ha-1, [38]) was 
roughly close to the average CS-AGB in old growth forest in “Bosco di Sant'Antonio” (233 tons.ha-1). 
This study indicate a substantial potential for carbon sequestration in the beech forests in Apennines to 
provide CS-AGB at the level of old-growth forest (233 tons.ha-1) by using different forest management 
options to obtain credits for international conventions and to fulfil commitments made by Italy.  
Table 3. The potential predictor variables 
Response variable Predictor  variables Optimal regression equation R2 Sig. 
AGB LGS by NDVI      Y=4.3148x-685.58 0.28 0.0004 
AGB Soil types (A,B,C,D) 
Summer Solar Radiation 
LGS by using NDVI 






Y=406x-0.47 SR+152 B+55 C+60 
D+444 old growth 
0.66 0.01 
Table 3 presents a series of optimal regression equation between AGB and predictors. In simple linear 
regression analysis the LGS determined from NDVI and management types were correlated significantly 
with the AGB. Also in the final result of multiple linear regressions among all final variables old growth 
forest management is highly significant and summer solar radiation shows negative relation with relation 
with AGB. The Pearson r of the final model is 0.66 and based on cross-validation (5-fold) the range of 
RMSE were 75 to 110 ton.ha-1.  
The research result revealed that topographic parameters (elevation, slope and aspect) all have poor 
relationships with AGB in M. Pizzalto. In particular, the highest AGB appears in the elevation 1300 m. 
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Results of the present study are in line with Merino et al. [35] who reported that there is no relationship 
between elevation and beech tree biomass. Merino et al. [35] explained their result based on complexity 
of mountainous landscape with regard to slope, aspect, and soil depth. In the M. Pizzalto although to 
complexity of mountainous landscape, the management style is another factor which can explain this 
result. Seasonal solar radiation explained 10% of AGB in all 50 plots. Among seasonal solar radiation 
variables the winter has significant relation (P-value<0.05) with AGB. Also solar radiation in summer and 
fall has a negative relationship with AGB and carbon stock. This result is in agreement with the study of 
Dittmar et al. [21] on relationship between beech growth and climate condition in Italy which showed that 
the solar radiation effect until May is positive but after that becomes negative. They found that in the 
beginning of the greenness period water stored in the soil is sufficient for growth. During the summer and 
fall, high solar radiation and unfavourable precipitation lead to water deficiency and dry conditions which 
negatively affect tree growth. In the mountainous areas in the central of Italy, summer drought is a key 
climatic factor which affects the beech growth with diverse intensity at various levels of elevations 
[16].Soil types and AGB were correlated and the coefficient of determination is about 0.53 (P-value< 
0.05). Soil types B and C have higher moisture-holding capacity than other types and are located on steep 
slopes. Soil type A is located on moderate slopes and soil type D is locate on many rock outcrops and 
irregular slope shape with local cliffs and more dry than other types of soils. Among all four soil types B 
and C have significant relationships with AGB (P-value<0.05). Our results indicated that AGB of beech 
forest have positive relationship with soil types with high moisture holding capacity located mostly on 
steep slopes (soil types B and C). High moisture holding capacity of soil types in this mountainous area 
can be due to storage of melted snow. Water availability is an important factor for beech trees especially 
when summer precipitation is irregular or insufficient. In mountainous areas in central Europe, beech 
forests grow on steep slopes with well-drained soil types. Meier et al. [39] found that in temperate beech 














Fig. 2. The change of LGS with elevation by (a) NDVI; (b) EVI 
Results of this study show that estimation of the LGS for six years (2005-2010) are different between 
MODIS NDVI and EVI in each elevation as is shown in Fig.2. Estimating LGS with both NDVI and EVI 
values increase with elevation and reaches to its maximum value at the elevation around 1300 to 1400 m, 
which is almost in middle of the M. Pizzalto and then decrease as elevation reach beyond 1400 m. Based 
on the midpoint method by using NDVI for average of six years, LGS is between 220 to 230 days when 
elevation is between 1300 to 1400 however at same elevation by using EVI, LGS is between 170 to 175 
days. Peters [25] reported that the average LGS for beech along the elevation from 1400 to 1700 m was 
between 130 to 170 days in central Spain which corresponds to the result of present study. In addition, 
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LGS by using NDVI shows significant relationship with AGB while the LGS by using EVI does not 
show any significant relationship. MODIS EVI is more sensitive to topographic conditions due to the soil 
adjustment factor “L” compared to MODIS NDVI [40]. Also the NDVI values can reduce the 
topographic effects due to its ratio format [41]. 
Forests with old-growth trees are important carbon reservoirs and they represent a huge pool of carbon. 
Studies on the role of old growth trees in the global carbon cycle are increasing [41, 42, 38]. Piovesan et 
al. [43] found that old growth forests in temperate zones are much richer in carbon stock than what carbon 
cycle models assume. The old trees steadily accumulate vast quantities of carbon over centuries. In 
addition Gils et al. [17] in their research on beech forest expansion in this area during the period of 1975 - 
2003 showed substantial spatial variations at a rate of 1.2 % per year. The expansion and the change in 
spatial extent of beech forest over time could increase carbon sequestration rate and consequently further 
carbon stock. Beech forest in M. Pizzalto at present is mostly young, therefore, they have a potential for 
carbon sequestration and they could play role in the global carbon cycle. Older forest may also 
accumulate carbon but the rate generally low compared with rate for young trees [44]. Remote sensing 
offers a consistent and readily updated source of information for the monitoring and assessing of 
aboveground carbon sinks from regional to global scales [45]. Remote sensing data provide useful means 
for measuring carbon stocks in forests [46]. This research indicates that among all parameters used for 
regression modelling of AGB and CS-AGB the NDVI-derived LGS and the management types are the 
most significant factors in M. Pizzalto. The LGS is the best predictor for AGB that can obtain by remote 
sensing techniques and using time series of MODIS vegetation indices. Future analysis should include 
remote sensing offers in measurements, e.g. scanning lidar that explicitly measures canopy height which 
improves the ability to successfully detect different canopies for estimate forest carbon. Furthermore, bio-
climate variables such as temperature and precipitation would be suitable predictors to be included in 
modelling forest carbon storage for better understanding impacts of climate change. 
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